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a b s t r a c t
In this paper, cointegration relationships among 26 global stock market indices over the
periods of sub-prime and European debt crisis and their influence rank are investigated by
constructing and analyzing directed and weighted cointegration networks. The obtained
results are shown as follows: the crises have changed cointegration relationships among
stock market indices, their cointegration relationship increased after the Lehman Broth-
ers collapse, while the degree of cointegration gradually decreased from the sub-prime to
European debt crisis. The influence of US, Japan and China market indices are entirely dis-
tinguished over different periods. Before European debt crisis US stock market is a ‘global
factor’ which leads the developed and emerging markets, while the influence of US stock
market decreased evidently during the European debt crisis. Before sub-prime crisis, there
is no significant evidence to show that other stockmarkets co-move with China stockmar-
ket, while it becomes more integrated with other markets during the sub-prime and Eu-
ropean debt crisis. Among developed and emerging stock markets, the developed stock
markets lead the world stock markets before European debt crisis, while due to the shock
of sub-prime and European debt crisis, their influences decreased and emerging stockmar-
kets replaced them to lead global stock markets.
© 2014 The Authors. Published by Elsevier B.V. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
1. Introduction
In the context of financial integration and globalization, the interdependence and mutual restraint among different eco-
nomics have reached a higher level, which has garnered a lot of attention of academics and investors on the co-movements
among stock markets around the world. Specially, under impacts of global crises, what is going on for their co-movements
is currently a hot issue. Hence lots of people adopted a range of different methodologies like wavelet analysis, multivariate
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GARCHmodel, VARFIMAmodel and correlation analysis [1–3] and so on to investigate the co-movement between stockmar-
kets. Generally, the correlation coefficient is always used to measure the degree of co-movement between stock markets. It
is well known that the correlation describes a kind of degree of the association between any two stock markets, and is com-
pletely symmetrical. So it cannot describe this sort of situation from the quantity: when one market index changes a little,
what is the variation of another market. Besides when the above variable and dependent variable exchange position, their
relationship will be varied undoubtedly. Similarly such variation cannot still be revealed by the symmetrical correlation co-
efficient. Hence we need another method to investigate the co-movement between stock markets. Due to the cointegration
theory allows capturing the amount changes between stock markets, and then we adopted it. Since it was first introduced
by Granger in 1981 [4,5], it has been applied to study different questions like whether there exists a long-run equilibrium
relationship between stock markets; whether the cointegration relationships among stock markets increase or decrease
due to financial crises, and so on. Depending on the choice of stock markets, sample periods and the frequency of observa-
tions (daily, weekly, monthly), many scholars have made a great contribution to solving above problems. For instance, Jang
and Sul [6] investigated the co-movement of seven Asian stock markets (i.e. Korea, Japan, Hong Kong, Taiwan, Thailand,
Indonesia, Singapore). They found no significant linkages among such markets before Asian financial crisis, however, the
co-movement of Asian stock markets increased during and even after the crisis. Up to now, the cointegration theory has
still been widely used to study the long-run relationship of Asian market [7–9], European market [10,11], American market
[12,13], Africa market [14,15], or the cross-market [16–18], etc. As mentioned above, such results seem to be very perfect.
But we all know, obtaining such results depends on selecting the sample data. Besides they only provide relationship be-
tween some limited markets. That is to say, how to break through the limitation of chosen sample data or chosen stock
markets to completely investigate the relationships among global stock markets is still a problem that needs to be solved.
In recent years, complex network is widely used in the research of complex system [19–24]. Especially, it provides an
effective tool to investigate the complex financial and economic system [25–31], etc. So far, various networks have been
constructed to investigate the integration between stock markets or stocks [32–37], etc. Note that in the above works, cor-
relation of a pair of stock markets or stocks is used to construct networks. As discussed above the correlation is not an
effective method, so we combine the cointegration theory and the complex network to study the long-term relationships
among global stock markets, which not only plays the merits of cointegration, also overcomes the restrictions of chosen
sample data or chosen stock markets. Based on the cointegration analysis, we have constructed the cointegration networks
through cointegration coefficients matrix. Then differentiating our analysis from finding influential stock market using cen-
trality measure [38] or k-shell method [39,40], we combine the PageRank algorithm [41–46] and the cointegration network
to identify the most influential stock market index and rank the influence of each index. The interesting thing is that we just
get a lot of valuable results.
The paper is organized as follows. Section 2 provides the data. Section 3 presents methodologies applied to examine the
cointegration relationship between stock market indices, to derive the cointegration network and to identify the influence
of each stock market index. Section 4 reports our empirical results. Finally, concluding remarks are stated in Section 5.
2. Data
We use the natural log of daily stock market indices of 26 different countries and regions around the world, which cover
the period from January 2, 2002 to April 20, 2012. The 26 countries and regions are as follows: Netherlands (AEX), Austria
(ATX), France (FCHI), German (GDAXI), UK (FTSE), Norway (OSEAX), Sweden (OMXSPI), Switzerland (SSMI), Russia (RTS),
Australia (AORD), India (BSESN), Hong Kong (HIS), VietNam (VN), Malaysia (KLSE), Korea (KS11), Japan (N225), China (SSEC),
Singapore (STI), Taiwan (TWII), Israel (TA_100), Brazil (BVSP),Mexico (MXX), Argentina (MERV), Canada (GSPTSE), US (GSPC)
and South African (JALSH). In order to investigate what is going on for the co-movements among different markets under
impacts of global crises, we divide the sample period into the following sub-periods [47–49]:
Period I: before sub-prime crisis (January 2, 2002 to December 30, 2005).
Period II: early stage of the sub-prime crisis and the recession of US (January 3, 2006 to September 12, 2008).
Period III: after the collapse of Lehman Brothers (September 15, 2008 to December 31, 2009).
Period IV: European debts crisis (January 4, 2010 to April 20, 2012).
3. Methodology
3.1. Unit root test
Most of the economic and financial time series have a non-stationary behavior [50]. If two time series are non-stationary,
a regression of one on the other could have a high R2 even if they are totally unrelated. This phenomenon is called spurious
regression [51]. Therefore, before the regression analysis, we must verify each time series whether to be stationary, or to
contain a unit root (non-stationary). Generally, the commonly usedmethod is Augment Dickey–Fuller (ADF) test [52], which
could eliminate the residuals autocorrelation by adding lagged differences of dependent variables. We consider time series
xt is an pth-order autoregressive process AR(p):
xt = α0 + α1xt−1 + α2xt−2 + · · · + αpxt−p + εt , (1)
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where α0 is the intercept term, αi (i = 1, . . . , p) is the autoregressive coefficient, εt is white noise. The conventional ADF
test model is as follows:
∆xt = α0 + φxt−1 +
p
i=2
βi∆xt−i+1 + εt , (2)
where∆xt = xt−xt−1,φ = −(1−pi=1 αi),βi =pj=i αj. The test is only valid if εt iswhite noise. Hence, p lagged difference
terms are added to the ADF test model to remove the serial correlation in the residuals εt and the optimal lag length p is
determinedbyminimizing the Schwarz information criteria (SIC) [53].We first set anupper bound pmax =

12 ·  T100 1/4 for
p, where T is the sample size. Then, select the lag length p (p = 1, 2, . . . , pmax) to minimize the SIC = ln(σˆ 2p )+[p ln(T )]/T .
Here, σˆ 2p = (T − p − 1)−1
T
t=p εˆ2t , εt is the residuals of model (2) and the cap sign(∧) indicates an estimated value [54].
When p = 0, model (2) transforms to the standard Dickey–Fuller (DF) unit root test:
∆xt = α0 + φxt−1 + εt , (3)
The null hypothesis of the ADF and DF unit root test is H0 : φ = 0, if the hypothesis is true, xt is non-stationary and
has a unit root, otherwise, xt is stationary without a unit root. The test statistic is expressed as φˆ/SE(φˆ), where φˆ is the
ordinary least squares (OLS) estimate of φ and SE(φˆ) is its standard error. The problem is that the test statistic does not
follow the conventional Students t-distribution under the null, since the null is one of non-stationary, but rather follows
a non-standard distribution [52]. Hence, MacKinnon used Monte Carlo experiments and response surface regressions to
calculate the corrected critical values for the test statistics [55]. When the test statistic is smaller than the critical value at
95% confidence, we reject the null hypothesis, then xt is stationary without a unit root, xt ∼ I(0). On the contrary, if the test
statistic is bigger than the critical value at 95% confidence, we accept the hypothesis, then xt is non-stationary which has a
unit root. When xt is a non-stationary series, it must be differenced d times before it becomes stationary, then it is said to
be integrated of order d, xt ∼ I(d). Only when unit root tests indicate that each time series is integrated of the same order
should we go further to examine whether the time series under investigation are cointegrated.
Due to the different characteristics of series xt , another ADF or DF test models are expressed as follows:
∆xt = φxt−1 +
p
i=2
βi∆xt−i+1 + εt or ∆xt = φxt−1 + εt , (4)
∆xt = α0 + γ t + φxt−1 +
p
i=2
βi∆xt−i+1 + εt or ∆xt = α0 + γ t + φxt−1 + εt . (5)
When xt is flat and potentially slow turning around zero, using the model (4) which has no intercept term and no time
trend. When xt is flat and potentially slow turning around a non-zero value, we chose the model ((2) or (3)) which includes
an intercept term α0. When xt has a trend and is potentially slow turning around a trend line, then we chose the model (5)
which has an intercept α0 and a time trend γ t . In practice, it is not clear whether one should use the test model with or
without intercept term and time trend, hence, we refer to look at a plot of data against time to get a visual idea of the basic
characteristics of each time series.
3.2. E–G cointegration test
Cointegration is a statistical concept within the regression theory framework. If there exists a stationary linear combi-
nation among two nonstationary series (variables), the series combined are said to be cointegrated [50]. Before the coin-
tegration test, we apply the ADF or DF test to examine the stationary properties of each time series. Only when unit root
tests indicate that all time series are integrated of the same order should we go further to examine whether the time series
under investigation are cointegrated. The conventional cointegration test is Engle–Granger two-step method [5]. First, we
estimate the cointegration regression equations:
yt = β + αxt + et , (6)
where yt and xt denote different stock index series and yt is regressed against xt by ordinary least squares estimate, et is
white noise. The residuals eˆt from the above equation is considered to be the temporary deviation from the long-run equilib-
rium. Then we test the stationarity of eˆt by the above unit root test model (4) [56]. If eˆt is stationary, it means yt cointegrates
with xt , the variable α in Eq. (6) is the cointegration coefficient which stands for the degree of cointegration between index
series yt and xt . When eˆt is non-stationary, it means there is no cointegration relationship between yt and xt .
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3.3. Cointegration network
Let a graph G(V , E,W ) represent a directed andweighted network, where V and E are sets of vertices and edges,W is the
set of weights associated with each directed edge connecting a pair of vertices. As shown in Fig. 1, three vertices (i, j andm)
denote different stockmarket indices. If index i cointegrateswith index j, a directed link is drawn from i to j. Theweightwij on
the link is equal to the cointegration coefficient that represents the degree of index i co-moves with index j. If index i does
not cointegrate with index j, there is no directed edge linking them and wij = 0. Based on examining the cointegration
relationship between any two market indices, we obtain all the directed edges and their corresponding cointegration
coefficient. Then our cointegration network can be fully expressed by an N × N associated adjacency matrix {Wij}:
Wij =

wij(wji) ≠ 0, i cointegrates with j (j cointegrates with i)
wij(wji) = 0, i does not cointegrate with j (j does not cointegrate with i). (7)
That is to say, a bi-directed andweighted cointegration network can be established. In the cointegration network, the bigger
the absolute value of cointegration coefficient, the thicker a link.
Generally, the network density is the proportion of actual linkages among network vertices when all possible linkages
are considered, it is calculated by the formula D = E/N(N − 1). Here E is the number of actual directed linkages, N is the
total number of vertices. Density scores may vary from 0 to 1, higher scores reflecting higher density, which means that in
the cointegration network there are more cointegration relationships among stockmarket indices. On an average, the mean
cointegration coefficient ⟨W ⟩ of the network can measure the degree of cointegration between any two market indices. It
is computed by ⟨W ⟩ = W/E,W is the total weights of actual directed edges among the network.
Moreover, in directed and weighted network, the number of edges converging at and emerging from a vertex is called
its in-degree and out-degree, denoted by kini and k
out
i respectively. Besides, every vertex has a strength, called in-strength s
in
i
and out-strength souti respectively, s
in
i =
N
j=1wji and s
out
i =
N
j=1wij.
3.4. PageRank
PageRank is an iterative algorithm [41] that can effectively identify and rank webs’ importance. For a directed and
weighted network, the following equation mathematically describes a process which can be applied to all vertices:
pi = q
N
j=1
pj
wji
soutj
+ 1− q
N
+ q
N
N
j=1
δ(soutj ), (8)
where pi is the PageRank score assigned to the stock index i, in the steady state of the diffusion process it represents the
fraction of the overall ‘influence’ sitting on vertex i. Here N means the total number of vertices in the network, q ∈ [0, 1] is a
control parameterwhich accounts for the importance of the various terms contributing to the PageRank score of the vertices.
The first term q
N
j=1 pj
wji
soutj
indicates that the node receives the portion of the PageRank score in the diffusion process obeying
the assumption that nodes redistribute their entire influence to neighboring nodes. Here, soutj (s
out
j =
N
i wji) is the out-
strength of node j, which stands for the sum of weights of all the edges emerging from j to some other node. The second
term describes the uniform injection of probability into the network in which each node receives a credit 1−qN at each step.
Besides, the third term qN
N
j=1 δ(s
out
j ) serves as a correction in the case of existence of nodes without out-strength, where
δ(·) equal to one only if its argument is equal to zero, otherwise it equals to zero [43,44].
4. Empirical study and results
4.1. Unit root test
As shown in Fig. A.1 in the Appendix, the plots of all the index series over Period I tell us that each index series in the
log level possess trend and intercept, while they take on no trend and no intercept in the log first difference level. Hence,
model (5) and model (4) are considered to test each index series in log level and in log first difference level respectively.
The same situations exist in Period II, Period III and Period IV. The results of unit root tests of various market indices over
Period I are reported in Table 1, due to space limitations other results of unit root tests of another three periods are given in
the Appendix Tables A.1–A.3. Over Period I, we find that test statistics of other indices except TA_100 exceed critical value
−3.4143 at 5% significance level, then all other market indices are non-stationary in log level. However, their test statistics
in log first difference level are smaller than critical value −1.9411 at 5% significance level. So other market indices except
TA_100 are integrated of order one (I(1)) in Period I. As shown in Tables A.1–A.3, all the market indices are integrated of
order one (I(1)) in Period II and Period IV, and in Period III othermarket indices except AEX, ATX, OSEAX, OMXSPI, RTS, KS11,
N225, BVSP and GSPTSE are integrated of order one (I(1)).
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Fig. 1. (Color online) Schematic diagram of cointegration network.
Table 1
Unit root tests of each index series in Period I.
Period I
Variables in log level Lag length p Test statistic p-value Variables in log first difference Lag length p Test statistic p-value
AEX 0 −1.901 0.653 AEX 11 −16.980 0.000
ATX 0 −1.513 0.825 ATX 9 −17.114 0.000
FCHI 0 −2.386 0.387 FCHI 13 −16.952 0.000
GDAXI 0 −2.076 0.558 GDAXI 12 −16.863 0.000
FTSE 5 −2.253 0.459 FTSE 13 −15.776 0.000
OSEAX 0 −2.014 0.593 OSEAX 11 −15.819 0.000
OMXSPI 0 −2.489 0.333 OMXSPI 9 −18.175 0.000
SSMI 0 −1.769 0.719 SSMI 12 −16.851 0.000
RTS 1 −2.659 0.254 RTS 6 −20.812 0.000
AORD 0 −2.016 0.591 AORD 10 −17.006 0.000
BSESN 0 −1.839 0.685 BSESN 8 −19.059 0.000
HSI 0 −2.362 0.340 HSI 11 −16.022 0.000
VN 1 −1.690 0.755 VN 9 −16.929 0.000
KLSE 1 −1.702 0.750 KLSE 10 −16.891 0.000
KS11 0 −1.402 0.860 KS11 16 −14.687 0.000
N225 0 −1.481 0.836 N225 11 −17.061 0.000
SSEC 0 −2.505 0.326 SSEC 11 −16.39 0.000
STI 0 −1.802 0.703 STI 10 −16.558 0.000
TWII 0 −2.212 0.482 TWII 10 −16.975 0.000
TA_100 0 −3.443* 0.0464 TA_100 \ \ \
BVSP 0 −2.574 0.293 BVSP 8 −20.397 0.000
MXX 0 −1.741 0.732 MXX 8 −18.391 0.000
MERV 0 −2.114 0.537 MERV 6 −21.386 0.000
GSPTSE 0 −2.213 0.482 GSPTSE 11 −16.206 0.000
GSPC 0 −2.856 0.178 GSPC 14 −14.886 0.000
JALSH 0 −2.707 0.234 JALSH 7 −18.833 0.000
pmax = 21.
The critical value of ADF or DF test statistic of model (5) is−3.4143 at 5% significance level.
The critical value of ADF or DF test statistic of model (4) is−1.9411 at 5% significance level.
* Denote rejection at a 5% significance level.
4.2. E–G cointegration test
As discussed above, most stock market indices series in log level are I(1), then the necessary condition for cointegration
test is satisfied. The corresponding test results are shown in Table 2. Here we only present the results of cointegration tests
between US stock index GSPC and other 24 stock markets (exclusion of TA_100) during Period I. Due to space limitations,
other similar analyses of cointegration tests between any two stock market indices over another periods are omitted. As
shown in Table 2, the second, the third and the fourth column present the goodness-of-fit of the cointegration regression,
the cointegration coefficient and the test statistic of residuals respectively. For example, when examining the cointegration
relationship between GSPC and ATX, the test statistic (−2.225) of residuals is smaller than the critical value (−1.9411) at 5%
significance level, so the residuals is stationary. In this case, ATX cointegrates with GSPC and the cointegration coefficient
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(a) Period I. (b) Period II.
(c) Period III. (d) Period IV.
Fig. 2. (Color online) Cointegration network.
Table 2
Cointegration test results for GSPC with other market indices over Period I.
Dependent variable–Independent variable R2 Cointegration coefficient Test statistic for residuals
AEX-GSPC 29.3% 0.737 −2.225*
ATX-GSPC 69.3% 2.654 −2.926*
FCHI-GSPC 75% 1.095 −3.005*
GDAXI-GSPC 72.64% 1.399 −2.356*
FTSE-GSPC 77.32% 0.841 −3.190*
OSEAX-GSPC 81.74% 2.679 −3.265*
OMXSPI-GSPC 92.23% 1.650 −4.234*
SSMI-GSPC 71.76% 0.979 −2.305*
RTS-GSPC 54.22% 2.116 −3.480*
AORD-GSPC 77.60% 1.045 −2.835*
BSESN-GSPC 71.82% 2.451 −3.199*
HSICGSPC 84.47% 1.265 −4.246*
VN-GSPC 74.36% 2.725 −4.163*
KLSECGSPC 80.02% 0.949 −4.610*
KS11CGSPC 74.98% 1.452 −3.125*
N225-GSPC 73.56% 1.040 −2.658*
SSEC-GSPC 31.03% −0.640 −2.397*
STI-GSPC 88.10% 1.417 −4.850*
TWII-GSPC 78.19% 0.925 −4.460*
TA_100-GSPC \ \ \
BVSPCGSPC 79.15% 2.848 −3.140*
MXX-GSPC 76.78% 2.441 −3.135*
MERV-GSPC 50.65% 3.091 −3.242*
GSPTSE-GSPC 87.17% 1.290 −3.135*
GSPC-GSPC \ \ \
JALSH-GSPC 62.01% 5.810 −2.625*
The critical value of ADF or DF test statistic of model (4) is−1.9411 at a 5% significance level.
* Denote rejection at a 5% significance level.
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(a) Period I. (b) Period II.
(c) Period III. (d) Period IV.
Fig. 3. (Color online) Cointegration networks of US index GSPC.
Table 3
The D and ⟨W ⟩ of cointegration network over different periods.
Period I Period II Period III Period IV
D 0.9 0.602 0.967 0.743
⟨W ⟩ 1.023 0.951 0.947 0.667
is 0.737. All the results presented in Table 2 indicate that most market indices all cointegrate with US index GSPC over
Period I.
4.3. Cointegration analysis
Based on the cointegration test, we obtain the corresponding cointegration networks over four different periods respec-
tively, as shown in Fig. 2. Here the market indices of Europe, Asia and America are marked by blue boxes, green ellipses and
red triangles respectively. The brown diamond stands for index TA_100 from the Middle East and the yellow one stands for
index JALSH from South Africa respectively. In order to show the network clearly, we do not mark weights of all links, but
the bigger the absolute value of weight, the thicker a link.
The network density D and average weight ⟨W ⟩ over different periods are calculated. Corresponding results are reported
in Table 3.
As shown in Table 3, Period III has the highest D, which means there are more cointegration relationships among stock
market indices during this period. The ⟨W ⟩ gradually decreased from Period I to Period IV, it means the degree of cointe-
gration among stock market indices gradually weakened from Period I to Period IV. All the above results clearly show that
the crises have changed the cointegration relationships among stock market indices, their cointegration relationship signif-
icantly increased after the Lehman Brothers collapse, while the degree of cointegration weakened gradually. Due to space
limitations, we cannot present such variations in detail. Hence we only show variations of relationships of US, Japan and
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(a) Period I. (b) Period II.
(c) Period III.
Fig. 4. (Color online) Cointegration networks of Japan index N225.
China market indices with other market indices over different periods respectively. Fig. 3 presents the cointegration net-
works ofUSmarket indexGSPC. Before sub-prime crisis (Fig. 3(a)), the indexGSPC exerts a significant impact on othermarket
indices of developed and developing countries, especially on themarket indices of Brazil, Mexico, Argentina, VietNam, India,
Russia, Norway, Austria and South Africa. However, during the sub-prime crisis and the recession of US (Fig. 3(b)), the de-
gree of cointegration obviously weakened compared to that before the sub-prime crisis. Additionally, the market indices of
VietNam, Brazil, Mexico, Canada and South Africa do not cointegrate with GSPC. Among the American market indices, only
Argentina market index MERV cointegrates with GSPC. Specially, China market index SSEC has the highest co-movement
with USmarket over Period II. As shown in Fig. 3(c), after Lehman Brothers collapse, the stock market indices all cointegrate
with the index GSPC, and the degree of cointegration increased. However, over the European debt crisis period (Fig. 3(d)),
the market indices of Netherlands, Austria, France, Sweden, India, Taiwan, Israel, Argentina, Canada and South Africa do not
cointegrate with US stock market index.
The cointegration networks of the Japan index N225 over different periods are shown in Fig. 4. From Fig. 4(a) one can
find that other market indices except the Hong Kong index HSI cointegrate with the Japan market before sub-prime crisis.
While during the sub-prime crisis and the recession of US (Fig. 4(b)), the Asian market indices except India index BSESN do
not have any cointegration relationship with it. Yet market indices of Europe, US and Canada all cointegrate with the Japan
market. Over the Period III, due to that the Japan index N225 is I(0) series and that other market indices are I(1) series,
the necessary condition for the cointegration test is not satisfied. So there does not exist a cointegration network of Japan
index N225. Over the Period IV, both Asian market indices except Taiwan and European market indices cointegrate with
index N225 (Fig. 4(c)). All the above results indicate that the Japan market always possesses an influential role affecting the
European stock markets, while during the sub-prime and recession of US, it has no affect on the Asian stock markets.
The results for the China index SSEC are shown in Fig. 5. In Fig. 5(a), before sub-prime crisis, only market indices of
Netherlands, France, German, UK, Sweden, Australia, Argentina, US and South Africa cointegrate with it. Nevertheless, it can
be observed from Fig. 5(b) that there are more market indices that cointegrate with SSEC during the period of sub-prime
crisis and recession of US. In this period, almost all market indices of Asia and America cointegrate with it. During the Period
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(a) Period I. (b) Period II.
(c) Period III. (d) Period IV.
Fig. 5. (Color online) Cointegration networks of China index SSEC.
III (Fig. 5(c)) and the Period IV (Fig. 5(d)), we notice that most market indices cointegrate with China market index. All the
above results suggest that the influence of China market index SSEC has increased and increasingly more stock markets
move along it during the sub-prime and European debt crisis.
From Figs. 3 to 5,we can conclude that the sub-prime and European debt crisis affect the global stockmarket significantly.
Before European debt crisis, the US stock market is a ‘global factor’ which leads the developed and emerging stock markets.
However, during the European debt crisis the influence of the US stock market decreased significantly. As for the Japan
market, it always plays an influential role affecting the European, it also exerts the effect on Asian stock markets, however
during the period of sub-prime and recession of US, the Japan stock market has no effect on the Asian stock markets. For
China stockmarket there is no significant evidence showing that othermarkets co-movewith it before sub-prime crisis, this
could be explained by that the China stock market is relatively closed to the outside world. While the China stock market
becomes more cointegrated with other markets during the periods of sub-prime and European debt crisis.
4.4. Rank of global stock indices
Above results indicate that the influence of each stock market index is entirely distinguished over different periods,
then we furthermore investigate the change of their influence by PageRank algorithm. The rank of each market index over
different periods are reported in Tables 4 and 5. Here, the control parameter q in Eq. (8) is traditionally set at 0.85 [41].
As shown in Tables 4 and 5, before Lehman Brothers collapse, the US stock market index ranks first. However, it ranks
relatively low after Lehman Brothers collapse, moreover, during the period of European debt crisis, the decrease trend is
apparent. These results indicate that the US stock market is the most influential stock market around the world before
Lehman Brothers collapse, and the bankruptcy of Lehman Brothers at September 15, 2008 was a big crash which caused a
deep fall on the stockmarket of US, then the influence ofUS stockmarket decreased. Due to Europe is one of theUnited States’
largest trading partners, the US stock market would be hurt obviously by the next European recession. Hence, during the
European debt crisis, the influence of US stockmarket decreased significantly. As for the European stockmarket indices, they
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Table 4
The PageRank of each world stock market index.
Rank Period I Period II
PageRank score Index Country or region PageRank score Index Country or region
1 0.0729 GSPC US 0.0850 GSPC US
2 0.0682 FTSE UK 0.0794 FTSE UK
3 0.0599 AORD Australia 0.0608 GSPTSE Canada
4 0.0566 GSPTSE Canada 0.0523 AORD Australia
5 0.0556 GDAXI Germany 0.0509 AEX Netherlands
6 0.0539 N225 Japan 0.0464 TA_100 Israel
7 0.0522 FCHI France 0.0458 ATX Austria
8 0.0519 STI Singapore 0.0444 FCHI France
9 0.0469 OMXSPI Sweden 0.0438 MERV Argentina
10 0.0461 HSI Hong Kong 0.0423 GDAXI Germany
11 0.0435 TWII Taiwan 0.0392 OSEAX Norway
12 0.0433 KLSE Malaysia 0.0379 TWII Taiwan
13 0.0423 KS11 Korea 0.0361 KS11 Korea
14 0.0388 SSMI Switzerland 0.0359 OMXSPI Sweden
15 0.0305 MXX Mexico 0.0346 STI Singapore
16 0.0299 OSEAX Norway 0.0319 SSMI Switzerland
17 0.0290 BSESN India 0.0311 KLSE Malaysia
18 0.0256 ATX Austria 0.0296 N225 Japan
19 0.0256 RTS Russia 0.0272 HSI Hong Kong
20 0.0247 VN VietNam 0.0270 RTS Russia
21 0.0221 BVSP Brazil 0.0258 MXX Mexico
22 0.0203 SSEC China 0.0253 BSESN India
23 0.0132 JALSH South African 0.0201 VN VietNam
24 0.0110 MERV Argentina 0.0167 BVSP Brazil
25 0.0071 AEX Netherlands 0.0160 JALSH SouthAfrican
26 0.0147 SSEC China
Table 5
The PageRank of each world stock market index.
Rank Period I Period II
PageRank score Index Country or region PageRank score Index Country or region
1 0.0853 FTSE UK 0.0663 FTSE UK
2 0.0798 GDAXI Germany 0.0612 STI Singapore
3 0.077 GSPC US 0.056 AORD Australia
4 0.0757 AORD Australia 0.0518 GSPTSE Canada
5 0.0695 FCHI France 0.0477 TWII Taiwan
6 0.069 KLSE Malaysia 0.0466 TA_100 Israel
7 0.0583 MXX Mexico 0.0456 OSEAX Norway
8 0.0567 SSMI Switzerland 0.0453 HSI Hong Kong
9 0.0545 STI Singapore 0.0449 KLSE Malaysia
10 0.0542 HSI Hong Kong 0.0441 BSESN India
11 0.0541 TA_100 Israel 0.0426 OMXSPI Sweden
12 0.0486 TWII Taiwan 0.0395 KS11 Korea
13 0.0477 JALSH South African 0.0359 N225 Japan
14 0.0446 BSESN India 0.0358 AEX Netherlands
15 0.0432 SSEC China 0.0334 SSMI Switzerland
16 0.042 VN VietNam 0.0333 GDAXI Germany
17 0.0398 MERV Argentina 0.0332 MXX Mexico
18 0.0331 BVSP Brazil
19 0.0309 FCHI France
20 0.0303 GSPC US
21 0.0293 SSEC China
22 0.0289 RTS Russia
23 0.0237 ATX Austria
24 0.022 MERV Argentina
25 0.0211 VN VietNam
26 0.0177 JALSH SouthAfrican
rank high before European debt crisis, while during the period of European debt crisis, their ranks become lower, especially
the decrease of Netherlands, Switzerland, Germany, France and Austria is obvious. Conversely, before the European debt
crisis, theAsian stockmarket indices rank lower, yet they rankhigher during the period of Europeandebt crisis, especially the
market indices of Singapore, Taiwan, Hong Kong, Malaysia and India rank higher. So the European debt crisis has important
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effects on global financial markets, specially more for the developed than for the emerging markets. It is worthwhile to note
that the US recession and European debt crisis have caused the Asian emerging stock markets replace the developed stock
market to lead global stock markets.
5. Conclusions
In this paper, cointegration relationships among 26 global stock market indices over the periods of sub-prime and
European debt crisis and their influence rank are investigated by constructing and analyzing directed and weighted
cointegration networks. By investigating the cointegration networks over different periods, we find that the crises have
changed cointegration relationships among stock market indices, their cointegration relationship significantly increased
after the Lehman Brothers collapse, while the degree of cointegration gradually decreased from the sub-prime to European
debt crisis. Before the European debt crisis US stock market is a ‘global factor’ which leads the developed and emerging
markets, while the influence of the US stock market decreased evidently during the European debt crisis. As for the Japan
market, it always plays an influential role affecting the European stock markets, it also exerts effect on Asian stock markets,
however during the sub-prime and recession of US, the Japan stock market has no effect on the Asian stock markets. For
the China stock market there is no significant evidence to show that other stock markets co-move with it before the sub-
prime crisis, while it becomes more integrated with other markets during the sub-prime and European debt crisis. Among
the developed and emerging stock markets, the developed stock markets lead the world stock markets before the European
debt crisis, while due to the shock of sub-prime and European debt crisis, their influence decreased and emerging stock
markets replaced them to lead global stock markets.
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Appendix
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Table A.1
Unit root tests of each index series in Period II.
Period II
Variables in log level Lag length p Test statistic p-value Variables in log first difference Lag length p Test statistic p-value
AEX 0 −1.235 0.902 AEX 8 −16.132 0.000
ATX 0 −1.228 0.903 ATX 10 −14.227 0.000
FCHI 0 −1.551 0.811 FCHI 10 −15.028 0.000
GDAXI 0 −1.069 0.932 GDAXI 10 −15.332 0.000
FTSE 1 −1.923 0.642 FTSE 11 −14.080 0.000
OSEAX 0 −1.386 0.865 OSEAX 8 −14.626 0.000
OMXSPI 0 −1.073 0.931 OMXSPI 10 −14.609 0.000
SSMI 0 −1.668 0.764 SSMI 11 −14.294 0.000
RTS 0 0.068 0.997 RTS 13 −12.772 0.000
AORD 0 −1.103 0.927 AORD 8 −16.34 0.000
BSESN 0 −1.499 0.829 BSESN 13 −13.134 0.000
HSI 1 −0.476 0.985 HSI 8 −16.356 0.000
VN 0 0.313 0.999 VN 10 −14.516 0.000
KLSE 3 −0.104 0.995 KLSE 9 −14.911 0.000
KS11 0 −1.117 0.924 KS11 8 −15.536 0.000
N225 0 −1.954 0.625 N225 9 −15.119 0.000
SSEC 0 1.247 1.000 SSEC 11 −14.302 0.000
STI 0 −0.370 0.989 STI 8 −16.931 0.000
TWII 0 −0.373 0.988 TWII 12 −14.511 0.000
TA_100 1 −0.563 0.980 TA_100 9 −15.766 0.000
BVSP 0 −1.455 0.844 BVSP 8 −16.106 0.000
MXX 0 −0.698 0.972 MXX 10 −15.027 0.000
MERV 0 −0.930 0.951 MERV 8 −14.389 0.000
GSPTSE 0 −2.230 0.472 GSPTSE 8 −16.073 0.000
GSPC 1 −1.311 0.884 GSPC 10 −16.05 0.000
JALSH 0 −1.205 0.908 JALSH 11 −13.843 0.000
pmax = 19
The critical value of ADF or DF test statistic of model (5) is−3.4143 at 5% significance level.
The critical value of ADF or DF test statistic of model (4) is−1.9411 at 5% significance level.
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Table A.2
Unit root tests of each index series in Period III.
Period III
Variables in log level Lag length p Test statistic p-value Variables in log first difference Lag length p Test statistic p-value
AEX 0 −3.693* 0.024 AEX \ \ \
ATX 0 −3.661* 0.026 ATX \ \ \
FCHI 0 −3.045 0.122 FCHI 5 −13.542 0.000
GDAXI 0 −3.150 0.097 GDAXI 4 −14.839 0.000
FTSE 0 −3.378 0.056 FTSE 5 −13.763 0.000
OSEAX 0 −3.904* 0.013 OSEAX \ \ \
OMXSPI 0 −3.923* 0.012 OMXSPI \ \ \
SSMI 0 −2.712 0.232 SSMI 10 −10.78 0.000
RTS 0 −3.649* 0.027 RTS \ \ \
AORD 0 −2.934 0.153 AORD 7 −11.375 0.000
BSESN 0 −3.058 0.118 BSESN 8 −11.684 0.000
HSI 0 −3.409 0.052 HSI 6 −12.75 0.000
VN 1 −2.908 0.161 VN 11 −10.022 0.000
KLSE 1 −3.040 0.123 KLSE 6 −12.06 0.000
KS11 0 −3.490* 0.042 KS11 \ \ \
N225 0 −3.729* 0.022 N225 \ \ \
SSEC 0 −2.569 0.295 SSEC 7 −11.036 0.000
STI 0 −3.229 0.081 STI 5 −12.721 0.000
TWII 0 −3.218 0.083 TWII 5 −14.017 0.000
TA_100 1 −3.210 0.084 TA_100 0 −20.897 0.000
BVSP 0 −3.969* 0.011 BVSP \ \ \
MXX 1 −3.286 0.070 MXX 7 −11.046 0.000
MERV 0 −3.223 0.082 MERV 2 −18.48 0.000
GSPTSE 0 −3.608* 0.031 GSPTSE \ \ \
GSPC 2 −3.005 0.132 GSPC 6 −12.626 0.000
JALSH 1 −2.712 0.232 JALSH 9 −10.402 0.000
pmax = 16
The critical value of ADF or DF test statistic of model (5) is−3.4143 at 5% significance level.
The critical value of ADF or DF test statistic of model (4) is−1.9411 at 5% significance level.
* Denote rejection at a 5% significance level.
Table A.3
Unit root tests of each index series in Period IV.
Period IV
Variables in log level Lag length p Test statistic p-value Variables in log first difference Lag length p Test statistic p-value
AEX 0 −2.340 0.411 AEX 10 −14.015 0.000
ATX 0 −1.759 0.723 ATX 11 −13.53 0.000
FCHI 0 −2.440 0.359 FCHI 10 −13.73 0.000
GDAXI 0 −2.030 0.583 GDAXI 9 −15.107 0.000
FTSE 0 −2.755 0.215 FTSE 11 −13.076 0.000
OSEAX 0 −2.379 0.390 OSEAX 9 −14.926 0.000
OMXSPI 0 −2.277 0.445 OMXSPI 10 −14.546 0.000
SSMI 1 −2.572 0.293 SSMI 9 −13.945 0.000
RTS 1 −2.003 0.598 RTS 9 −14.214 0.000
AORD 0 −2.628 0.268 AORD 8 −14.803 0.000
BSESN 0 −2.095 0.547 BSESN 7 −15.234 0.000
HSI 0 −1.994 0.603 HSI 10 −13.225 0.000
VN 0 −2.451 0.353 VN 10 −13.818 0.000
KLSE 18 −2.123 0.531 KLSE 16 −12.042 0.000
KS11 0 −2.181 0.499 KS11 9 −14.043 0.000
N225 0 −2.562 0.298 N225 8 −14.735 0.000
SSEC 0 −2.240 0.466 SSEC 8 −14.554 0.000
STI 0 −2.050 0.572 STI 10 −12.91 0.000
TWII 0 −1.838 0.685 TWII 7 −15.8 0.000
TA_100 1 −1.874 0.667 TA_100 6 −16.883 0.000
BVSP 0 −2.327 0.418 BVSP 11 −13.369 0.000
MXX 0 −2.650 0.258 MXX 11 −13.7 0.000
MERV 0 −0.820 0.962 MERV 9 −14.198 0.000
GSPTSE 0 −1.850 0.679 GSPTSE 10 −13.412 0.000
GSPC 0 −2.70 0.237 GSPC 9 −14.294 0.000
JALSH 1 −2.394 0.382 JALSH 8 −15.291 0.000
pmax = 18
The critical value of ADF or DF test statistic of model (5) is−3.4143 at 5% significance level.
The critical value of ADF or DF test statistic of model (4) is−1.9411 at 5% significance level.
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